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Abstract 

We explore interdependence and contagion in the top 9 emerging markets and the US equities 

using a novel time-varying generalised lambda distribution (GLD)-based Baruník & Křehlík 

(2018) (BK18) spillover technique. The GLD accounts for the extreme returns while the BK18 

capture the nonlinear, nonstationary, asymmetric, and time-dependent comovements in higher 

moments. We find dominance of some emerging markets instead of the US in the frequency-

dependent spillovers. We also establish shape shift-contagion in emerging markets equities in 

the short-term. Our results shed new light on the sources of connectedness and contagion 

through the shape parameters of equity returns. 
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1. Introduction 

Interdependence and contagion have been explored for many years, particularly since the Asian 

Russian, Mexican, and Brazilian crises in the late 1980s and 1990s (Diebold & Yilmaz, 2009). 

Financial markets connectedness also have unavoidable implications for risk management and 

policy decisions, among others. An ongoing debate has bordered on whether a spillover consti-

tutes interdependence or contagion (Forbes & Rigobon, 2002). 

The extant literature emphasise the importance of higher moments in risk analysis and port-

folio diversification (Bessembinder, 2018; Martellini & Ziemann, 2010; Müller & Wagner, 

2018), among others. However, the literature is scanty on the origins of connectedness through 

higher moments of returns (see, Fry-McKibbin, Hsiao, & Martin, 2017; Chan, Fry-McKibbin, 

& Hsiao, 2019). Especially in the context of emerging markets (EMs) equities the literature is 

nonexistent. We deem this paper an important addition to the literature on EMs, contagion and 

spillover in general.   
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We examine the sources of interdependence and contagion through the shape parameters of a 

sampled EMs equities. To this end, we estimate rolling skewness and kurtosis values from the 

Freimer, Kollia, Mudholkar, & Lin (1988) generalised lambda distribution (FKML-GLD) and 

apply the frequency-and time-domain connectedness of Baruník & Křehlík (2018) (BK18) tech-

nique to these series. The GLD is selected for its mathematical simplicity and adequacy to easily 

fit extreme tails of data (Karian & Dudewicz, 2016; Su, 2007). The BK18 is able to capture 

time-varying instability, nonlinearity, and nonstationarity in the returns. Dealing with nonline-

arity, asymmetries have become increasing important in contagion studies. For instance, Bam-

pinas & Panagiotidis (2017) employ the local Gaussian correlation to capture nonlinearities 

between US stock markets and 1-4 months maturities of West Texas Intermediate (WTI) daily 

spot and futures crude oil prices (see also, Bae, Karolyi, & Stulz, 2003; Baur, 2013; Bodart & 

Candelon, 2009). The time-varying feature of the BK18 also appeals to the heterogeneous mar-

ket hypothesis (HMH) (Müller et al., 1993) and prompts the need to delineate return series into 

short-, medium-, and long-term horizons to suit different investment preferences. In so doing, 

we contribute to the literature by hypothesising shape shift-contagion (SSC) as an extension of 

Forbes & Rigobon’s (2002) shift-contagion.  

Thus, we analyse comoments (coskewness and cokurtosis1) in the narrow sense of using 

comovement in skewness and kurtosis of the selected EMs equities to examine their interde-

pendence and contagion. The BK18 enables us to measure contagion in similar fashions as 

Forbes & Rigobon (2002) (i.e. a sharp increase in cross-market spillovers at some frequency 

band(s)) (see; Saiti, Bacha, & Masih, 2016; Diebold & Yilmaz, 2009). With both time- and 

frequency-domain examination of higher moments’ connectedness, we provide fresh evidence 

in the interdependence and contagion literature.  

Our results indicate that spillovers are time-varying and frequency-dependent across the sys-

tem for both asymmetric and extreme returns shock propagation. Contagious episodes are short-

lived and “delayed” after the global financial crisis (GFC). Further, the US, however, a net 

transmitter of shocks does not dominate in spillovers, but South Korea, Brazil, and Mexico 

dominate the other markets at some frequency bands. 

 

2. Methodology 

We combine time-varying FKML-GLD and BK18 to investigate SSC in the selected EMs eq-

uities. We extract the daily one-month rolling shape parameters (lambda 3 (L3) for skewness 

and lambda 4 (L4) for kurtosis) estimates. The rolling BK18 technique decomposes the series 

into frequency-domain to permit the examination of connectedness at higher and lower frequen-

cies over time.  

2.1 The GLD  

The GLD (Ramberg & Schmeiser, 1974) is an inverse distribution function of Tukey’s lambda 

(TL) distribution given as 

 

𝑋 = 𝑄(𝑈) =

{
 

 
[𝑈𝜆 − (1 − 𝑈)𝜆]

𝜆
, 𝜆 ≠ 0

𝑙𝑜𝑔𝑈

1 − 𝑈
, 𝜆 = 0  

 (1) 

where 𝑈  a uniform (0, 1) random variable and the transformation 𝑄(∗),  referred to as the 

quantile function, yields 𝑄(𝛼) as the 𝛼𝑡ℎ  quantile (0 < 𝛼 < 1) or 100𝛼𝑡ℎ  percentile of the 

distribution of 𝑋. The FKML-GLD, given 𝜆4 > 0, is defined over all 𝜆3 and 𝜆4 as 

 
1 Comoment, coskewness, and cokurtosis are not defined in strong mathematical and statistical terms as in, for 

instance, Fry-McKibbin, Hsiao, & Martin, (2017). We define these as the connectedness of the higher moments 

among the 10 markets with BK18 spillover index. 
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𝐹−1(𝜌|𝜆) = 𝜆1 +
[
𝜌𝜆3−1

𝜆3
−
(1 − 𝜌)𝜆4−1

𝜆4
]

𝜆2
, 

(2) 

where 𝜌  are the probabilities 𝜌 ∈ [0, 1] , 𝜆1 , 𝜆2  are location and 𝜆3 , 𝜆4  represent shape 

parameters, respectively. The probability density function at 𝑥 = 𝐹−1(𝜌|𝜆) is given as 

 
𝑓(𝑥) = 𝑓(𝐹−1(𝜌|𝜆)) =  

𝜆2
𝜆3𝜌𝜆3−1 − 𝜆4(1 − 𝜌)𝜆4−1

  (3) 

where parameter combinations of 𝜆 must yield 𝑓(𝑥) ≥ 0 and ∫ 𝑓(𝑥)𝑑𝑥 = 1 (Pfaff, 2016). In 

estimating the parameters, we have employed rolling window technique. For daily moments, 

we partition the series into 𝑘 = 𝑁 −𝑚+ 1 subsamples where 𝑚 = 20 denotes the window 

length, and 𝑁 denotes sample size.  

2.2 The Barunik & Krehlik (2018) spillover index  

The BK18 measures connectedness using generalised forecast error variance decompositions 

(GFEVDs). It is based on the matrix of a vector autoregressive (VAR) Eq. 4 model of local 

covariance stationarity. Let 𝐾 -variate process 𝑌𝑡 = (𝑦1,𝑡, … , 𝑦𝐾,𝑡)
′  at 𝑡 = 1,… , 𝑇  and a 

VAR(𝜌) may be represented as  

 

𝑌𝑡 =∑𝜙𝑖𝑦𝑡−𝑖 +

𝑝

𝑖=1

𝜖𝑡, (4) 

where 𝜙𝑖 and 𝜖𝑖  are coefficient matrices and white noise with (likely non-diagonal) covariance 

matrix Π. It is useful to work with a (𝐾 × 𝐾) matrix (𝑰𝐾 − ∅1𝐿 −⋯− ∅𝑝𝐿
𝑝) with identity 𝑰𝑲. 

If the roots of the characteristic equation |𝜃(𝑧)| lie outside of the unit circle, the VAR system 

has a moving average 𝑀𝐴(∞)  
 𝑌𝑡 = 𝜓(𝐿)𝜖𝑡, (5) 

with 𝜓(𝐿) being an infinitely lagged polynomial. The GFEVD, the contribution of the 𝑘𝑡ℎ 

variable to the variance of forecast error of the element 𝑗 can be written as  

 
(Θ𝐻)𝑗,𝑘 =

𝜎𝑘𝑘
−1 ∑ ((𝜓ℎΠ)𝑗,𝑘)

2𝐻
ℎ=0

∑ (𝜓ℎΠℎ′)𝑗,𝑘
𝐻
ℎ=0

 (6) 

where ℎ = 1, … ,𝐻  and 𝜎𝑘𝑘 = (Π𝑘𝑘) . This is possible because the connectedness measure 

depends on variance decompositions, being the transformations of 𝜓ℎ  and serves as 

contribution of the shocks to the system. Since contributions in the row do not sum to unity, the 

matrix Θ𝐻 is standardized as  

 
(Θ̃𝐻)𝑗,𝑘 =

(Θ𝐻)𝑗,𝑘
∑ (Θ𝐻)𝑗,𝑘
𝑁
𝑘=1

 (7) 

For total connectedness, the pairwise connectedness Eq. 7 can be aggregated, and defined as 

the share of variance in the forecasts contributed by errors other than own error or the ratio of 

the sum of the off-diagonal elements to the sum of the entire matrix (Diebold & Yilmaz, 2012) 

as  

 

𝐶𝐻 = 100 ∗
∑ (Θ̃𝐻)𝑗,𝑘𝑗≠𝑘

∑ Θ̃𝐻
= 100 ∗ (1 −

𝑇𝑟{Θ̃𝐻}

∑ Θ̃𝐻
), (8) 

where 𝑇𝑟{. } is the trace operator, denominator is the arithmetic sum of all elements in the 

matrix. Bi-directional (“to” market i from all other markets 𝑘 , and vice versa (“from”)) 
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connectedness can be measured. From these “net” connectedness is also measured as the 

difference between “to” spillovers and “from” spillovers. Hence a market with a positive net 

spillover is a net transmitter while the one with a negative spillover is a net recipient of 

shocks.  

In spectral representation, a frequency response function 𝜓(𝑒)−𝑖𝜔 = ∑ 𝑒−𝑖𝜔ℎ𝜓ℎℎ  of Fourier 

transformable coefficients 𝜓ℎ with 𝑖 = √−1, a density of 𝑌𝑡 at frequency 𝜔 can be defined as 

𝑀𝐴(∞) filtered series   

 
𝑆𝑦(𝜔) =∑ 𝐸

∞

ℎ=−∞

(𝑌′𝑌𝑡−ℎ)𝑒
−𝑖𝜔ℎ = 𝜓(𝑒−𝑖𝜔)Π𝜓′(𝑒+𝑖𝜔). (9) 

The power spectrum 𝑆𝑦(𝜔) describes the distribution of the variance of 𝑌𝑡 over the frequency 

components 𝜔. The causation spectrum over 𝜔 ∈ (−𝜋, 𝜋) is defined as 

 
(ℱ(𝜔))𝑗,𝑘 =

𝜎𝑘𝑘
−1|𝜓(𝑒−𝑖𝜔)Π𝑗,𝑘|

2

(𝜓(𝑒−𝑖𝜔)Π𝜓′(𝑒+𝑖𝜔))𝑗,𝑗
, (10) 

noting that it represents the portion of the 𝑖𝑡ℎ variable due to shocks in the 𝑘𝑡ℎ variable at a 

given frequency 𝜔. It follows that (ℱ(𝜔))𝑗,𝑘 can be interpreted as within-frequency causation 

on account of the denominator.  

In practically finance, it is better to measure connectedness over time horizons (i.e. bands 𝑑 =
(𝑎, 𝑏): 𝑎, 𝑏 ∈ (−𝜋, 𝜋), 𝑎 < 𝑏)) as opposed to a single frequency point. A scaled2 decomposition 

over 𝑑 can be defined as  

 
(Θ̃𝑑)𝑗,𝑘 = (Θ𝑑)𝑗,𝑘/∑ (Θ∞)𝑗,𝑘

𝑘
.  (11) 

Subsequently, the within-frequency and frequency connectedness are defined in Eq. 12 and 

Eq. 13, respectively. 

 
𝐶𝑑
𝑊 = 100 ∗ (1 −

𝑇𝑟{Θ̃𝑑}

∑ Θ̃𝑑
) (12) 

 
𝐶𝑑
𝐹 = 100 ∗ (

∑ Θ̃𝑑
∑Θ̃∞

−
𝑇𝑟{Θ̃𝑑}

∑ Θ̃∞
) = 𝐶𝑑

𝑊 ∗ (
∑ Θ̃𝑑
∑Θ̃∞

) (13) 

We use the frequency bands (𝜋 + 0.00001, 𝜋/64, 0) which correspond to intraweek (short-

term) and quarter and beyond (long-term) periods (see Baruník & Křehlík, 2018; Tiwari, 

Cunado, Gupta, & Wohar, 2018; Tiwari, Shahbaz, Hasim, & Elheddad, 2019).  

 

3. Data 

Our data comprises daily one-month rolling estimates of L3 and L4 from 01/01/2001 to 

18/02/2019. Our data was gleaned from Bloomberg Terminal which are the top3 9 Morgan 

Stanley Capital International (MSCI) EMs and US equity indices. The US is deemed the 

originator of the 2007-2009 GFC (Mollah et al., 2016). It is only appropriate that the 

comovements of asymmetric (skewness) and extreme (kurtosis) returns in EMs are examined 

by including the US index. A 100-day ahead forecast horizon (𝐻) and a rolling window 100 

days are used. That representing about one-quarter of a year and it is enough to account for 

time-variations.  The rolling window mechanism avoids the need to exogenously specify crisis  

 
2 Scaling factor is 100. It’s also the minimum forecast horizon 𝐻 and rolling window size to implement the BK18 

framework.  
3 https://www.msci.com/emerging-markets, as of March 29, 2019. 

https://www.msci.com/emerging-markets
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Table 1. Summary statistics of selected EMs and US equities.  

Market China S. Korea Taiwan India Brazil 

   Panel A   

Obs. 4666 4666 4666 4666 4666 

Mean  0.0003 0.0004 0.0001 0.0003 0.0002 

Variance  0.0003 0.0003 0.0002 0.0003 0.0005 

Skewness -0.11 -0.19 -0.12 -0.10 -0.26 
Kurtosis 6.35 15.08 2.81 9.55 6.85 

Normtest.W* 0.93 0.91 0.96 0.92 0.94 

L3 
  

Panel B  
 

Obs. 4530 4530 4530 4530 4530 

Mean 0.45 -2E+15 0.43 0.48 0.49 

Variance  0.28 1.85E+34 0.34 0.28 0.25 

Normtest.W* 0.95 0.03 0.94 0.95 0.96 

L4   Panel C   

Obs. 4530 4530 4530 4530 4530 

Mean  0.48 1.01E+15 0.42 0.52 0.53 

Variance  0.31 4.62E+33 0.33 0.30 0.30 

Normtest.W* 0.91 0.00 0.94 0.94 0.85 

 

start and end periods. We are able to account for major changes in the shape spillovers (by 

plotting the resulting spillover indices) sample period (Yilmaz, 2010). 

 

4. Results 

4.1 Descriptive statistics 

In Table 1 (Panel A) skewness and kurtosis values indicate non-normality and leptokurtic be-

haviour across the board. We also find that rolling L3 and L4 estimates are non-Gaussian for 

all the markets (Panel B). We observe an extremely large negative of L3 (-9.2E+18) and equally 

large mean (-2E+15) and variance (1.85E+34) values. Similar deductions can be made for L4. 

Hence, chances are, the GLD better estimates the moments of the series than the Gaussian dis-

tribution. The Shapiro-Wilk test confirms these by rejecting the normality assumption. All se-

ries pass the Augmented Dickey-Fuller (ADF)-Generalised Least Squares (GLS) Kwiatkowski-

Phillips-Schmidt-Shin (KPSS) stationarity4 tests.  
 

4.2 Frequency-domain (static) analysis 

The static within (WTH) and absolute (ABS) spillovers are shown in Table 2 for both skewness 

(Panel A) and kurtosis (Panel B). The 𝑖𝑗𝑡ℎ entry is the spillover from market 𝑖 to market 𝑗. 
Diagonal entries (𝑖 = 𝑗) indicate the fraction of the forecast error variance of market 𝑖 from its 

own shocks. We find that within connectedness are larger than absolute connectedness across 

the board. For every absolute connectedness value, there is a corresponding value within 

connectedness to indicate causality.  

In Panel A, we find that the spillover among the 10 markets is stronger in the long-terms 

(dominated by Mexico) than in the short-term (dominated by South Korea). In Panel B, long-

term connectedness is stronger (led by Mexico) than short-term (jointly led by Brazil and Mex-

ico). We see both large and small markets dominating causal spillovers. A large market like 

South Korea dominates asymmetric (skewness) spillovers in the short-term while relatively 

small markets (Brazil and Mexico) lead in both asymmetric and extreme (kurtosis) returns spill-

overs. Also, the US is a net transmitter of shocks, but does not dominate in the propagation  

 
4 Not presented. The BK18, however, works on local stationarity (i.e. is stationarity within a neighbourhoods 

(frequency bands). This can be likened to the local Gaussian approximation and local correlation (see Bampinas 

& Panagiotidis, 2017; Støve, Tjøstheim, & Hufthammer, 2014). 
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Table 1 (cont’d). Summary statistics of selected EMs and US equities.  

Market S. Africa Rusia Mexico Thailand US 

   Panel A   

Obs. 4666 4666 4666 4666 4666 

Mean  0.0002 0.0003 0.0002 0.0004 0.0002 

Variance  0.0003 0.0005 0.0003 0.0002 0.0001 

Skewness -0.29 -0.43 -0.17 -0.49 -0.24 
Kurtosis 4.02 13.55 6.88 9.38 9.34 

Normtest.W* 0.96 0.89 0.93 0.93 0.90 

L3 
  

Panel B  
 

Obs. 4530 4530 4530 4530 4530 

Mean 0.53 0.48 0.49 0.50 0.46 

Variance  0.25 0.34 0.28 0.34 0.28 

Normtest.W* 0.96 0.94 0.96 0.90 0.96 

L4   Panel C   

Obs. 4530 4530 4530 4530 4530 

Mean  0.57 0.48 0.49 0.41 0.48 

Variance  0.26 0.34 0.25 0.28 0.26 

Normtest.W* 0.96 0.93 0.96 0.96 0.96 

 

of spillovers contrary to many findings (see, Boubaker, Jouini, & Lahiani, 2016; Meinusch, 

2017; Shahzad, Nor, Kumar, & Mensi, 2017; Wang et al., 2017). Again, spillovers are fre-

quency-dependent in magnitude and sign (positive/negative). 

4.3 Rolling (time-frequency-domain) analysis 

This accounts for time evolution of total connectedness and helps to determine the existence of 

contagion or otherwise. The results are presented in Figure 1 for skewness and kurtosis. For 

skewness (a), overall connectedness increases in magnitude and frequency, fluctuating around 

2% to 7% in the short-term and around 1% to 65% in the long-term. We detect contagion around 

middle of 2017. But in the long-term, spillovers are high (about 50%) on average over the 

periods, so interdependence suffices.  

Extreme return (b) spillovers also follow an upward trend with frequencies. The markets are 

strongly connected and more contagious by extreme returns than by asymmetric returns. We 

observe contagious episodes around late 2016 in the short-term (a connectedness of about 90% 

compared to about 5% average) and about 25% in early 2018. We rule out contagion in the 

long-term for kurtosis. 

Compositely, contagious episodes are in the short-term and short-lived but only 

interdependence exists in the long-term for both skewness and kurtosis. The approximate 

contagion dates are removed from the GFC and Eurozone crisis. These corroborate the delayed 

contagion hypothesis of Boako & Alagidede (2016). We also confirm Forbes & Rigobon’s 

(2002) shift-contagion. More importantly, our shape shift-contagion hypothesis is adequately 

established. Hence, we have established delayed-shape shift-contagion. We can conclude from 

these results that while financial crises episodes pose immediate threat to many markets, it is 

also important that traders and policy makers focus on spillovers for longer periods in the 

aftermath of these crises. 

 

5. Concluding remarks 

We introduced a GLD-based BK18 analysis of higher moments to examine connectedness in 

EMs and US equities. We found that spillovers increase through time with South Korea (short-

term), Brazil (short-term), and Mexico (both short- and long-terms) dominating rather than the 

US. However, the US is only a net transmitter of shocks but never a net recipient across the 

board.  One can  surmise  that  emerging  market  economies  are  to  be  cautious  of  the  policy  
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Figure 1. Overall rolling spillovers between higher moments of the top 9 EMs and US equities. 

 
    (a) Skewness (L3) 

 
     (a) Skewness (L3) 

 
      (b) Kurtosis (L4) 

 

 
 (b) Kurtosis (L4) 

 

implications bordering on cross-market integration among themselves instead of with external 

countries like the US. 

We confirm our shape shift-contagion hypothesis in the short-term as we evidence sudden 

increases in connectedness values between late 2016 and mid-2017 which are removed from 

the 2007-2009 GFC. Thus, traders and policy makers should look beyond crisis periods to con-

tain consequences they bring. We also find connectedness to be both time-varying and fre-

quency-dependent and hence should inform both policy and trading strategies accordingly.  
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Table 2. Total spillover and Net spillover indices between higher moments of the top 9 EMs and US equities. 

Panel A – Skewness (L3) 

 China S. Korea Taiwan India Brazil S. Africa Russia Mexico Thailand US FROM_ABSa FROM_WTHb 

Spillover for band:3.14 to 0.79; corresponds to 1 days to 4 days 

China 15.58 0 0.02 0.04 0 0.02 0.02 0.03 0.01 0.03 0.02 0.09 

S. Korea 0.01 75.01 d0.19 0.03 0 0 0.01 0.03 0.01 0.01 0.03 0.15 

Taiwan 0.02 0.01 11.66 0.01 0 0 0 0.01 0.01 0 0.01 0.04 

India 0.05 0.02 0.01 13.03 0.01 0 0.01 0.01 0 0.01 0.01 0.06 
Brazil 0.01 0 0 0 12.59 0.01 0 0.06 0.01 0 0.01 0.04 

S. Africa 0.01 0 0 0 0 12.58 0.01 0.02 0 0.01 0.01 0.03 

Russia 0.01 0 0 0.01 0.01 0.02 14.01 0.01 0 0.05 0.01 0.06 

Mexico 0 0 0 0 0.03 0.01 0.01 11.11 0 0 0.01 0.03 

Thailand 0.03 0 0.03 0 0.01 0.01 0.01 0 14.08 0.01 0.01 0.05 

US 0.01 0.01 0 0 0 0 0.01 0 0.01 13.04 0.01 0.03 

TO_ABSa 0.02 0.01 0.03 0.01 0.01 0.01 0.01 0.02 0.01 0.01 0.12  

TO_WTHb 0.08 0.03 0.14 0.05 0.03 0.04 0.05 0.09 0.03 0.06  0.60 

Net -0.002 -0.023 0.019 -0.002 -0.002 0.002 -0.002 0.010 -0.004 0.005   

Spillover for band: 0.05 to 0.00; corresponds to 64 infinite days 

China 11.59 0 0 0.35 0.03 0.03 0.01 0.01 0.13 0.01 0.06 0.45 

S. Korea 0.01 0.99 0 0 0.01 0 0.01 0 0 0.01 0 0.02 

Taiwan 0.01 0.02 15.53 0 0.02 0 0.04 0.01 0 0.06 0.02 0.13 
India 0.01 0 0.22 12.72 0.07 0.29 0.02 0.01 0 0.02 0.06 0.49 

Brazil 0.01 0 0.07 0 13.75 0.16 0.03 0.12 0 0.01 0.04 0.32 

S. Africa 0.06 0.02 0.23 0.09 0.01 14.27 0.17 0.01 0.05 0.1 0.07 0.56 

Russia 0.2 0.02 0.04 0.01 0.06 0.12 14.19 0.1 0 0 0.06 0.43 

Mexico 0.08 0 0 0.02 0.89 0.02 0.14 14.1 0.08 0.32 0.16 1.22 

Thailand 0.02 0 0.01 0.01 0.01 0.08 0.08 0.02 12.46 0.07 0.03 0.23 

US 0.03 0.01 0.01 0.08 0.1 0.02 0 0.03 0 13.25 0.03 0.23 

TO_ABSa 0.04 0.01 0.06 0.06 0.12 0.07 0.05 0.03 0.03 0.06 0.52  

TO_WTHb 0.33 0.06 0.45 0.44 0.93 0.57 0.39 0.24 0.21 0.46  4.09 

Net -0.015 0.004 0.041 -0.006 0.078 0.001 -0.005 -0.125 -0.002 0.030   

Note: a Absolute to measures skewness/kurtosis spillovers from country j to other countries. Absolute from measures skewness/kurtosis spillovers from 

other countries to country j. bWithin to measures skewness/kurtosis spillovers from country j to other countries, including from own innovations to country 

k. Within from measures skewness/kurtosis spillovers from other countries to country j, including from own innovations to country k (see Tiwari et al., 

2018, 2019). The largest contributions of markets per frequency band are in bold italics. S. African and S. Korea represent South African and South Korea, 

respectively. Positive Net indicates that the market is a net transmitter while negative Net denoted net recipient market. 
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Table 2 (cont’d). Total spillover and Net spillover indices between higher moments of the top 9 EMs and US equities. 

Panel B – Kurtosis (L4) 

 China S. Korea Taiwan India Brazil S. Africa Russia Mexico Thailand US FROM_ABSa FROM_WTHb 

Spillover for band: 3.14 to 0.79; corresponds to 1 days to 4 days 

China 12.6 0 0.01 0.05 0 0.01 0.01 0.02 0.01 0 0.01 0.05 

S. Korea 0 75.13 0.03 0.02 0 0 0.03 0 0.02 0.03 0.01 0.07 

Taiwan 0.01 0 13.25 0.01 0.01 0 0 0 0.02 0 0.01 0.03 

India 0.04 0.01 0.01 14.54 0.04 0.01 0 0.01 0.01 0 0.01 0.07 
Brazil 0.03 0 0.02 0.04 20.5 0.04 0 0.04 0 0.02 0.02 0.1 

S. Africa 0.01 0 0.02 0 0.01 12.8 0.03 0.03 0 0 0.01 0.05 

Russia 0.01 0 0 0 0 0.01 13.39 0.02 0 0 0.01 0.03 

Mexico 0.01 0 0 0 0.03 0.02 0.02 13.24 0 0.07 0.02 0.08 

Thailand 0 0.02 0.03 0.01 0 0 0 0 12.24 0.01 0.01 0.04 

US 0.01 0 0 0 0 0 0 0.06 0.01 12.63 0.01 0.05 

TO_ABSa 0.01 0 0.01 0.01 0.01 0.01 0.01 0.02 0.01 0.01 0.11  

TO_WTHb 0.07 0.02 0.06 0.06 0.05 0.05 0.04 0.09 0.04 0.07  0.56 

Net 0.003 -0.010 0.007 0.003 0.003 0.001 -0.001 -0.011 0.000 0.004   

Spillover for band: 0.05 to 0.00; corresponds to 64 infinite days 

China 13.99 0 0.01 0.01 0.01 0.63 0 0 0.07 0 0.07 0.6 

S. Korea 0.01 0.99 0 0 0 0 0 0.01 0 0 0 0.02 

Taiwan 0.04 0.02 14.31 0 0.09 0.09 0.04 0.02 0 0.1 0.04 0.31 
India 0.01 0 0.05 11.31 0.03 0 0 0 0.02 0 0.01 0.09 

Brazil 0.08 0 0 0.04 9.73 0.06 0.12 0.34 0.03 0 0.07 0.55 

S. Africa 0.01 0 0.03 0.03 0.05 13.96 0.01 0.02 0 0 0.01 0.12 

Russia 0.52 0 0 0.01 0.01 0.18 13.07 0.19 0.02 0.08 0.1 0.82 

Mexico 0.07 0 0.01 0.02 0.34 0.2 0.04 12.84 0.02 0.36 0.11 0.86 

Thailand 0.08 0 0.06 0.02 0.01 0.49 0.06 0 14.32 0.01 0.07 0.58 

US 0 0 0 0.03 0.05 0.05 0.01 0.36 0.02 14.11 0.05 0.42 

TO_ABSa 0.08 0 0.02 0.01 0.06 0.17 0.03 0.09 0.02 0.06 0.54  

TO_WTHb 0.65 0.03 0.14 0.12 0.47 1.38 0.22 0.76 0.15 0.45  4.36 

Net 0.006 0.001 -0.022 0.004 -0.010 0.157 -0.074 -0.012 -0.054 0.004   

Note: a Absolute to measures skewness/kurtosis spillovers from country j to other countries. Absolute from measures skewness/kurtosis spillovers from 

other countries to country j. bWithin to measures skewness/kurtosis spillovers from country j to other countries, including from own innovations to country 

k. Within from measures skewness/kurtosis spillovers from other countries to country j, including from own innovations to country k (see Tiwari et al., 

2018, 2019). The largest contributions of markets per frequency band are in bold italics. S. African and S. Korea represent South African and South Korea, 

respectively. Positive Net indicates that the market is a net transmitter while negative Net denoted net recipient market. 
 


